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Abstract
Upper limb prostheses are commonly propelled by pneumatic artificial muscles organized in an antagonistic arrangement.
Nonetheless, the control of upper limb prostheses under changing/unknown situations is difficult and necessary for a variety
of real-world applications. Adaptive control, learning-based control, and robust control have been studied to deal with such
challenges. However, their adaptability is insufficient for prostheses used in daily life, which are exposed to variable task levels,
user motor characteristics, and prosthetic features. This paper introduces a highly adaptive controller for the first time based on
Generative Adversarial Nets and proportional–integral–derivative controller (G-PID controller). G-PID controller comprises
a generator for generating compensation actions to enhance PID responsiveness when controlling the unknown/changing
system. Moreover, it incorporates a discriminator that receives responses from both a user-preselected reference system
and the compensated changing/unknown system, and simultaneously determines the source of these responses. Through
continuous updates, the compensator modifies the response of unknown/changing system to align with the reference system,
thereby facilitating adaptive control. The G-PID controller’s effectiveness is evaluated through 1-degree of freedom (DoF)
joint and 2-DoF shoulder prostheses in simulation experiments, and further validated in prototype experiments focusing
on online learning for unknown and time-varying payload. The results demonstrate its ability to deal with diverse types of
unknowns/changes, marking a significant advancement towards incorporating prostheses seamlessly into daily life.

Keywords Generative Adversarial Nets based PID controller (G-PID) · Learning-based adaptive control · Pneumatic artificial
muscles (PAMs) · Antagonistic structures

Introduction

The loss of one hand can have a substantial impact on
one’s level of autonomy, restricting one’s ability to undertake
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employment, social, and activities of daily life (ADL) [1].
Upper limb prostheses enhance the quality of life (QOL) of
amputees by physically and functionally replacing the miss-
ing or lost limb [2]. The upper limb prostheses are frequently
driven by pneumatic artificial muscles (PAMs) configured
antagonistically, as PAMs have superior mechanical perfor-
mance, particularly a higher power-to-weight/volume ratio
and a lower cost, which is critical for human–robot interac-
tion [3–5].

Normally, the capability of the controller for robotic arms
has an effect on their total performance in robotic control,
particularly for the upper limb prostheses [6]. Two main
challenges arise in the control of PAMs-driven upper limb
prostheses:

• Firstly, highly nonlinear characteristics, significant hys-
teresis, low damping, parametric uncertainties, and time-
variant properties of PAMs (largely attributed to the
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compressibility of air) [7, 8], make them inherently chal-
lenging to control.

• Secondly, the control accuracy for each joint in PAMs-
driven upper limb prostheses is easily affected by the mass
of the payload [9] or external disturbance [10], both of
which are generally unknown to the system, making it
difficult to achieve real-time, high-accuracy control.

To overcome these challenges, some researchers have
proposed the use of nonlinear robust controllers, such as
sliding mode control [11], backstepping control [12], feed-
back linearization [13], and linear quadratic regulator [14].
While these controllers have shown the efficacy in ensuring
the stability of systems and achieving tracking performance
even in the presence of unknown parameters. In scenarios
characterized by complex parametric uncertainties and exter-
nal disturbances, static nonlinear robust controllers may not
be effective in controlling structures driven by PAMs [15].
Therefore, the adaptive controllers with enhanced robustness
capabilities are more suitable for simultaneously addressing
these two issues. The adaptive controllers can be categorized
into three types: model-based adaptive controller, online tun-
ing adaptive controller, and model-free adaptive controller.

The principle of a model-based adaptive controller is
to model the unknown parameters and conducting esti-
mations or assumptions about these parameters. In [16],
adaptive models have been employed for controllers, with
least-squares algorithmsused to identify systemuncertainties
online. In [17], the authors have designed an adaptive update
law to compensate unknown parameters of PAMs through
online estimation, and stability analysis is conducted using
a Lyapunov function. In general, the model-based adaptive
controller often employs Lyapunov functions for proving sta-
bility, thereby exhibits enhanced robustness [18]. However,
it necessitates a highly accurate dynamical model, which is
not always easy to obtain. Even if amodel can be established,
it is unlikely to account for all unknown variables or ensure
that all parameter calibrations are correct during the model-
ing process and the phase of making parameter assumptions.
This is particularly true for PAMs-driven system, under con-
ditions of nonlinearity, time variation, and fluctuating air
pressure [17]. Additionally, some methods involve model-
ing and identifying unknown parameters using bio-signals
such as electromyography [19, 20]. However, calibration is
always necessary in this procedure, adding to the method’s
complexity. Furthermore, the complexity of the such bio-
signals sensors’ wiring has an effect on the ease with which
this technique can be worn [21].

Another approach to achieving adaptability is by online
tuning of the controller’s gains; the theory behind thismethod
is that modifying the controller’s gains can alter the sys-
tem’s response [22]. Anh has proposed a neural network
self-tuning PID control (NN-PID) algorithm for the 2-axes

PAMs driven robot arm [23]. In [24], authors have proposed a
fuzzy self-tuning PID controller of PAM to improve the con-
trol performance. However, online tuning adaptive controller
is complex and the algorithm’s implementation requires a
significant amount of hardware resources [25]. Additionally,
the ultimate control performance is still dependent on the
controller, and there’s no assurance that the tuned gains can
consistently enhance the control performance.

The model-free (or data-driven) method is also used in the
PAMs-driven structure to achieve adaptability. A data-driven
multi-input multi-output discrete-time predictive model-free
adaptive integral terminal sliding mode controller have been
proposed to deal with system uncertainties for a PAMs
driven lower limb exoskeleton system [26]. In [27], a con-
troller have been developed for achieving highly sensitive
position tracking with PAMs using a data-driven predictive
control algorithm, adaptable to various scenarios. Overall,
model independence and high adaptability are characteris-
tic features of model-free adaptive controller [28]. However,
model-free adaptive controller can be computationally costly
and difficult to exploit in general [29]. Moreover, stability
and robustness cannot be guaranteed for model-free adaptive
controllers, particularly in the event of a sudden disturbance
[30]. In addition, some model-free methods compensate the
PID output using a neural network, which can be termed
as feedback error learning control [31, 32]. Such method
demonstrates specific characteristics: in the initial training
stages, the PID controller serves as the primary controller to
guarantee stability; in the later training stages, the neural net-
work takes over as themain controller to ensure better control
performance. However, the design of its loss function indi-
cates the aimof substituting thePIDcontrollerwith the neural
network, which makes this approach unadaptable. In sum-
mary, traditionalmodel-based, online tuning, and data-driven
adaptive controller eachhave their shortcomings—thosewith
enhanced adaptability often lack in stability and robustness,
whereas those with improved stability and robustness may
exhibit insufficient adaptability. Additionally, none of these
controllers consistently ensure a satisfactory control perfor-
mance. Thus, there is a need for an adaptive controller that
can ensure stability, achieve high adaptability, and maintain
better control performance.

Therefore, in this study, we present a controller based
on Generative Adversarial Nets (GAN) and PID controller
(G-PID controller). GAN has been introduced in 2016 by
Goodfellow [33]. The principle of GAN is that given real
data, and the generator creates synthetic data, while a dis-
criminator evaluates whether the data is real or synthetic,
thereby refining both the generator and discriminator through
a min–max game. This iterative process aims for the genera-
tor to produce data indistinguishable from real data. The data
generation capability of GAN offers the potential to maintain
consistency between unknown system and known system.
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Based on this principle, the proposed G-PID controller con-
sists of the generator, discriminator, a reference response
from a reference system, and the PID controller. Similar to
theGANprocess, the generator is utilized to generate the PID
controller’s compensation action. The compensation action
in conjunction with the PID action as the unknown system’s
input, and the unknown system’s response is set as a fake
response. Simultaneously, the response of a reference sys-
tem is selected as the reference response. The discriminator
is presented with both the fake and reference responses and
detects if the response originates from the unknown or refer-
ence system. The generator and discriminator are updated in
accordance with the GAN update rule, and it is expected that
the fake response of the unknown system can be compen-
sated to align with the reference response, thereby achieving
adaptability. According to our understanding, there hasn’t
been any application of GAN in the control domain aimed at
achieving high adaptability.

The G-PID controller has the following advantages, espe-
cially for PAMs-driven system:

1. Because the G-PID controller is based on the system’s
state, it can be used no matter there is a model or
not. Theoretically, adaptive control can be performed
in any unknown (internal or external) condition. This
characteristic effectively addresses the shortcomings of
custom-made, wear-prone PAMs-driven systems, which
often present challenges in terms of parameter identifi-
cation.

2. The unknown system’s fake response tends toward the
given reference response, which means that not only can
adaptive control be achieved, but also that the control
performance can be predicted, ensuring that the response
after compensation is predictable. Such an attribute sig-
nificantly enhances the safety of PAMs-driven systems,
which are frequently employed in human–robot interac-
tion scenarios.

3. Due to the fact that the PID controller serves as the main
control unit, its stability can be guaranteed throughout the
control process, even in the event of a sudden disturbance,
which makes the control system robust.

4. Although the value of compensation action required is
unclear, as an unsupervised learning approach, the gen-
erator does not require any label throughout the learning
process, which is not possible in conventional supervised
machine learning.

Methods

Dynamic model for PAMs and PAMs-spring driven
antagonistic structure

According to [34], PAMs can be modeled as three elements
connected in parallel: a spring, a damper, and a contractile
element, as shown in Fig. 1.

The functions of the three elements are given by

K ∗(P) � K0 + K1P (1)

B(P) � B0 + B1P (Inflation) (2)

B(P) � B2 + B3P (Deflation) (3)

F(P) � F0 + F1P (4)

where K0, K1, B0, B1, B2, B3, F0, F1 need to be identified
by experiment; P is the internal pressure; F(P) is the force
exerted by the contractile element; B(P) is the damping coef-
ficient; and K ∗(P) is the spring coefficient.

The dynamic model for a novel PAMs-spring antagonistic
structure has been established using the three-element model
in [15], Fig. 1 illustrates the novel PAMs-spring antagonistic
structure, in which the left side is a spring and the right side
is a PAM. The total torque exerted by novel PAMs-spring
antagonistic structure is shown in Eq. (5)

τ �
(
F(P) − B(P)θ̇rπ − K ∗(P)θrπ

180

)
r . (5)

Fig. 1 Dynamic model for novel PAMs-spring antagonistic structure
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Fig. 2 PAMs-spring driven 2-DoF upper limb prostheses

Substituting Eqs. (1)–(4) into Eq. (5) and simplifying, the
state-space function is obtained as follows:

θ̇1 � θ2 (6)

θ̇2 � 2
[
(F0 − FL) − (K0 + KL)πθ1r/180 − B0θ2rπ/180 + (F1 − K1θ1rπ/180 − B1θ2rπ/180)u

]
mr

− 2MgLsinθ1

mr2
(7)

where M is the mass of payload; L is the rod length; m is
the pulley mass; r is the pulley radius; KL is spring constant
of left pre-tensioned springs, FL is pre-tensioned force made
by left side pre-tensioned spring; θ1 is the rotation angle, θ2
is the derivative of θ1; u is output of controller, which means
air pressure.

Based on Eqs. (6) and (7), a discretization of state-space
function can be described as Eq. (8)

θ(i + 1) � (I + AT )θ(i) + BTu(i) + TC(i) (8)

where

A �
(

0 1
−2(K0+KL )

m − 2B0
m

)
, B �

(
0

2(F1−K1θ1r−B1θ2r)
mr

)
,

C �
(

0
2(F0−FL)

mr − 2MgLsinθ1
mr2

)
, i is the number of iterations,

I is identity matrix, T is time step.

Dynamic model of novel PAMs-spring driven
2-degrees of freedom (DoF) upper limb prostheses

To verify that the proposed method can be generalized to
higher DoF, the dynamic model of a PAMs-spring driven
2-DoF upper limb prostheses is proposed, depicted in Fig. 2.

The dynamics of a 2-link rigid robot is given by Euler–La-
grange equation:

τ � Mm(θ)θ̈ + V
(
θ , θ̇

)
+ G(θ ) (9)

where Mm(θ) is mass matrix, V
(
θ , θ̇

)
is the Coriolis and

centrifugal matrix, G(θ ) is the gravity matrix. Substituting
Eq. (5) into Eq. (9) and simplifying, the state-space function
of the PAMs-spring driven 2-DoF upper limb prosthesis is
obtained as follows:
[

θ̈1

θ̈2

]
� Mm(θ)−1(A + BP − V − G) (10)

where

A �
[
F0 − πK 0θ1r

180 − πB0r θ̇1
180 − πK Lθ1r

180

F0 − πK 0θ2r
180 − πB0r θ̇2

180 − πK Lθ2r
180

]
,

B �
[
F1 − πK 1θ1r

180 − πB1r θ̇1
180

F1 − πK 1θ2r
180 − πB1r θ̇2

180

]
,

V �
[

−m1l1l2sinθ2
˙θ12 − 2m2l1l2sinθ2θ̇1θ̇2

m2l1l2sinθ2
˙θ12

]
,

G �
[
m2l2gcos(θ1 + θ2) + (m1 + m2)l1gcosθ1

m2l2gcos(θ1 + θ2)

]
,

Mm �
⎡
⎣ (m1 + m2)l1

2 + m2l2
2 + 2m2l1l2cosθ2 m2l2

2 + m2l1l2cosθ2

m2l2
2 + m2l1l2cosθ2 m2l2

2

⎤
⎦.

l1, l2 are the lengths of the first and second links, m1, m2 are
the masses of the first and second links, θ1 and θ2 are the
joint angles of first and second links.

GAN and GAN-based PID

GAN is one of the generative models proposed in [33]. The
generator G is a network that can capture the data distri-
bution of training dataset and generate new data samples.
The discriminator D can be used to estimate the probability
that a sample comes from the training dataset rather than G.
Through the GAN framework, G has the capability to gener-
ate new data samples that resemble the training dataset.

Moreover, the conventional PID controllers have been
widely applied in industrial applications. The common equa-
tion is expressed as follows:

uP I D � KPe(t) + KI

∫
e(t)dt + KD

de(t)

dt

where uP I D is the output of PID controller, e(t) is a feedback
error, KP , KI , KD is a proportional term, an integration term,
and a derivative term, respectively.
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Fig. 3 Control flowchart for
GAN-based PID controller

To implement the GAN framework in control systems for
adaptive control, we proposed a G-PID controller, the con-
trol flowchart is shown Fig. 3. Within the G-PID controller,
the generator is input with system information S and pro-
duces a compensation action uG , which is further input into
the unknown but fixed system funknown(x) combine with the
PID control action uP I D . The unknown system produces
a fake response R f ake. Concurrently, the discriminator D
assesses the disparity between the fake response and ref-
erence response Rref from reference system. Based on the
comparison, the discriminator D updates the generator to
optimize the compensation action. The G and D are updated
through the loss function V (G, D) shown in Eq. (11)

min
G

max
D

V (G, D) � ERre f ∼pdata(Rre f )
[
logD

(
Rre f

)]
+ E f ake∼pdata(R f ake )

log
[
1 − D( funknown(G(s) + uP I D))

]
.

(11)

The loss function V (G, D) can be divided into
four parts, which are:ERre f ∼pdata(Rre f )

[
logD

(
Rref

)]
,

E f ake∼pdata( f ake) log[1 − D( funknown(G(s) + uP I D))],
max
D

V (G, D) andmin
G

V (G, D).

ERref ∼ pdata(Rre f )

[
logD

(
Rref

)]
:

the reference response conforms the
distributionpdata

(
Rref

)
. The term

ERre f ∼pdata(Rre f )

[
logD

(
Rref

)]
represents the expected

log-likelihood of Rref as evaluated by discriminator D.

E f ake∼pdata(R f ake )
log

[
1 − D

(
f unknown(G(s) + uP I D)

)]
:

by combining Eq. (11) with the Fig. 3, the generator G learns
a mapping that transfers the collected system information
S into the response space. In this process, the generator G
initially transfers S to uG , which can be expressed as

G : s → uG . (12)

Subsequently, the uG is input to an unknown but fixed
mapping funknown(x) and further transfer into the response
space, which can be written as

funknown : uG + uP I D → R f ake. (13)

Combining Eqs. (12) and (13), it is evident that in the
process of the generator G transferring S into the response
space, a uP I D term is included. This means that the solutions
for generator G couples with uP I D , leading to a situation
where multiple solution for uG exist. However, in an extreme
scenario, uP I D � 0, Eq. (13) can be expressed as

funknown : uG → R f ake. (14)

According to the composition of mappings, substituting
Eq. (12) into Eq. (14) yields Eq. (15)

funknown · G : S → R f ake. (15)

Equations (12)–(15) indicate the existence of at least
one set of solutions, specifically when uP I D � 0, allow-
ing uG to directly control the unknown system to produce
a response identical to that of the reference system. This
implies that the generator has effectively learned how to
compensate the unknown system’s inverse dynamic model
to that of the reference system. Therefore, generator G at
least converges to this solution, rather than not converging
at all. However, during the learning and optimization pro-
cess, the GAN network may converge to other solutions as
well. The Eqs. (12)–(15) are represented as funknown(G(s) +
uP I D) in Eq. (11). f ake ∼ pdata( f ake) indicates that
the fake response is sampled from pdata( f ake). The term
E f ake∼pdata(R f ake )

log((1 − D( funknown(G(s) + uP I D) rep-
resents the expected log-likelihood of fake response as
evaluated by discriminator D.

max
D

V (G, D) :
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Fig. 4 The overall architecture of
generator and discriminator

The objective of D is to completely differentiate between
the fake response and reference response. In the ideal case for
D, regardless of funknown(G(s)+uP I D) is, D( funknown(G(s)+
uP I D) should trend toward 0. Similarly, the output of
logD

(
Rref

)
should approach to 0. In this scenario, the out-

put of V (G, D) should also converge to 0, representing its
maximum output, indicates the best training of D.

min
G

V (G, D) :

the objective of G is to generate appropriate compensation
action to control the unknown system,which in turn produces
a fake response. The fake response intends to mislead D into
making an incorrect judgment. In the case of an ideally func-
tioning the G, the output of D( funknown(G(s)+uP I D) should
trend toward 1, and log((1 − D( funknown(G(pz) + uP I D))
should approach negative infinity. Thus, the minimization of
V (G, D) signifies the optimal training of the G.

The Eq. (11) represents a min–max game between the
G and D. The D continuously strives to improve its abil-
ity to differentiate between fake and reference responses,
while the G is engaged in enhancing compensation action
that compensate the fake response identical to the refer-
ence response. Upon achieving convergence and reaching
a Nash equilibrium, which indicates that both the G and
D have enhanced their capabilities to a level where fur-
ther improvements in either would not be possible without
impacting the functional efficacy of the other [33]. At this
point, the G is capable of compensating the unknown system
to produces fake responses that are indistinguishable from

the reference responses, leads to the fake response distribu-
tion pdata(R f ake) becoming closer to the reference response
distribution pdata(Rref ).

Figure 4 illustrates the architecture of the generator and
discriminator in this paper. For a 1-DoF antagonistic joint,
the inputs are position, speed, error, PID action, and error
differential, which corresponds to the system information S
in Fig. 3, and the output is ug . When controlling a multi-DoF
upper limb prosthesis, in addition to the previously men-
tioned 5 inputs, an additional input representing the DoF
information is required.

For the discriminator, the inputs are position, speed, and
error. The reason for selecting such three features as inputs is
that the position, speed, and error of each step are unique to
the reference system, these three indicatorsmay be utilized to
evaluate the consistency of the two system. Similarly, when
controlling a systemwith multi-DoF, an additional input rep-
resenting the DoF information is also necessary.

Both the generator and discriminator employ Multilayer
Perceptrons (MLP). The generator consists of five layers,
withReLUactivation functions used in the hidden layers. The
discriminator has four layers, utilizing LeakyReLU (LReLu)
between the input and hidden layers, and a sigmoid function
in the output layer.

Simulation training process

The simulation training process could be summarized as
follows: initially, the reference system must be chosen. In
general, the responsewith the smallest overshootwith a faster
response time could be chosen as the reference response.
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Although not set in this paper, the choice of reference
response also needs to consider specific constraints (such as
maximum speed, overshoot, acceleration). Of course, the-
oretically, any response can be selected as the reference
response. As shown in Fig. 3, at the t time, the current state
(position, speed, and error) of the unknown system should be
recorded, and the PID action along with the error differential
need to be calculated based on the present state. Next, the
generator is provided with unknown system’s current state,
the PID action uP I D , and the error differential. The generator
generates the compensation action uG . The combined actions
of uP I D and uG are fed into the unknown system, resulting
a new fake state (which corresponds to time t + 1). Both the
reference state and the new fake state are supplied to the dis-
criminator. The discriminator and generator are then updated
according toEq. (11). Following an update, the new fake state
is considered as the current state for the next iteration. The
entire procedure is repeated until the control processes are
complete.

During the training phase, the updating of the G and D
using Eq. (11) necessitates routing the gradient through a
function funknown(x), which is the forward model of the
unknown system. When a forward model is available (such
as Eqs. (6) and (7)), it is possible to determine the gradient
between G and D since the unknown system (including state
space equations and payloads) is actually known throughout
the training. This method is referred to model-based training
process in this paper.

Alternatively, in the absence of a model, the gradient
between G and D would vanish. To address this, a neural
network, referred as the F-network in this paper, can replace
the forward model. The input to the F-network comprises
the combined actions of uP I D and uG ; the output is the state
at time t + 1. The F-network is continually trained at each
timestep. Consequently, the F-network is comparable to sim-
plified, discrete forward model of the unknown system. The
gradient between G and D may be determined when the F-
network converges; The F-neural network is a three-layer
MLP with ReLU as the activation function. The input layer
captures the output of G, and the output layer is designed to
represent position, speed, and error. In this study, this strategy
is referred to as the model-free training process.

Prototype online learning process

Even though the model has been trained in a simulation
environment, as there are no constraints imposed in the simu-
lation, there is still a discrepancy between the simulation and
the prototype. Certain states achievable in the simulationmay
not be replicable in real-world, necessitating the implemen-
tation of prototype online learning based on the pre-trained
model to overcome sim-to-real gap.

As mentioned above, in prototype experiments, the sen-
sor in the prototype captures the states but do not provide
gradients, necessitating the adoption of model-free training
process for online learning. In the online learning, the F-
network is employed, maintaining the same architecture as
previously introduced. The labels are composed of the pro-
totype’s position, speed, and error recorded by sensor. The
loss function is the MSE (Mean Squared Error) between the
output of the F-neural network and the label. Prior to each
update of the generator G, the F-neural network is modi-
fied 200 times. The loss function value below 1 post-update
signifies convergence of the F-network, which then leads to
subsequent updates of the G network. Conversely, the loss
function value exceeding 1 indicates non-convergence, and
the update for the G network is skipped. Since the aim of
the F-neural network is to retrieve the gradient and it would
be updated each time, overfitting is not a concern. The pseu-
docode is shown in Table 1.

System description

Simulation setup and training

In the previous research, the parameters of the PAMs’
dynamic model [34] have been determined, as shown in
Table 2. All the values of the PAMs’ coefficients were
obtained through measurements of the pneumatic actuator
PM-10P (SQUSE), which weights 3 g for each, can provide
a high output force (maximum tension of 100 N), and has an
average shrinkage ratio of 30% per piece (around 2 cm for
each). The negative sign of B2 and B3 indicates movement in
the direction opposite to the positive. The pulley used in this
study was Model P20MXL6.4B-HA-C pulley (Mitsubishi
Belting Ltd., Japan), of which mass is about 10 g and radius
r is 5 mm. With the results of an identification experiment,
the time step T of the simulation was set to 0.03 s for 1-DoF
joint case and 0.015 s for 2-DoF shoulder prothesis. All the
models were implemented using Python 3.9.12 64-bits. The
neural network architectures were implemented by PyTorch
‘1.11.0 + cpu’. The optimizer of generator, discriminator and
F-network was Adam optimizer with learning rate � 5e−4,
1e−4, and 1e−2, respectively. The PID controller gains for
1-DoF joint was selected as KP� 0.25, KI � 0.14, and KD

� 3.5 and for 2-DoF shoulder prothesis was selected as KP

� 0.24, KI � 0.001, and KD � 0.001 by try and error.
During the 1-DoF joint simulation training process, a

system with 30 g payload was designated as the reference
system, with its response serving as the reference response.
Systems with payloads of 0 and 80 g were considered
as unknown systems, with their responses treated as fake
responses. One point worth noting is that, despite their des-
ignation as the unknown system, the payload M was known
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Table 1 Pseudocode for the
G-PID controller

Table 2 Coefficient sets used for
the simulation Parameters Value Unit Parameters Value Unit

F0 15 N B3 − 3 Ns/m

F1 200 N m 10 g

K0 40 N/m R 5 mm

K1 2 N/m KL 200 N/m

B0 20 Ns/m FL 5 N

B1 9 Ns/m L 10 cm

B2 − 8 Ns/m r 5 mm

2-DoF l1 5 cm 2-DoF l2 5 cm

2-DoF m1 5 g 2-DoF m2 5 g
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Fig. 5 Prototype of a 3-DoF upper limb prostheses

during the simulation training process but became unknown
throughout the verification process. The three systems are
controlled using the same PID controller gains, with the tar-
get angle set to 50° and the max control time set to 1.5 s (50
cycles). The maximum iterations for D training are 10. Fol-
lowing that, the G network is trained using the loss function
shown in Eq. (11). The maximum iterations for G training
are 5. The max epochs are 40.

Throughout the 2-DoF shoulder prosthesis simulation
training process, a system with 35 g payload was selected
as the reference system, while systems with payloads of 5
and 85 g were labeled as unknown systems. Training for the
D is restricted to a maximum of 10 iterations, while the G
is allowed up to 5 iterations. Maximum epochs allowed are
100.

Prototype setup and online learning

Figure 5 demonstrates the prototype of the upper limb pros-
thesis with 3-DoF. Despite the prosthesis contained 3-DoF,
only joint 2 was utilized in this study. PAMs and a preten-
sioned spring constituted the antagonistic structure. During
inflation, the PAMs drove the driving timing pulley, and its
angle of rotation and angular velocity were conveyed to the
controller through an inter-integrated circuit (IIC) bus by a
BNO055 IMU sensor (Bosch Sensortec., Germany). Jetson
nano (NVIDIACorporation, USA) constituted themain con-
trol chip. TheSMCITV0030-2MLair proportional valvewas
utilized (SMCPneumaticsLtd., Japan). Jetson nano transmit-
ted angle and angular velocity to the computer and received
a pulse-width-modulation (PWM) value over the serial con-
nection in order to regulate the PAMs.

Prototype online learning was executed using the model
learned from the simulation training experiment. During pro-
totype online learning, the same PID gains were chosen as
those used in the simulation experiment. The system with a
60 g payload in the prototype closely resembled the simu-
lation’s reference system, and therefore, was chosen as the
reference system for online learning. The G-PID controller

Fig. 6 Convergence graph

Table 3 Time consuming for different training method in real-world

Model based training Model free training

Time (s) 190 1327

was trained online for the cases of 0 and 80 g, and it was
validated with 18 and 122 g.

Following is a description of the prototype online learning
approach. The maximum iterations for D learning are 5. Fol-
lowing that, the F-network was updated by 200 times, next,
the G network is trained using the Eq. 11. The maximum
iterations for G learning is 3. The max epochs E is 1.

Results

Convergence process for 1-DoF joint

Two training methods, model-based and model-free, were
utilized in the training 1-DoF joint process. Figure 6 depicts
the MSE of the angle at each step between the reference
system and the unknown system. It reveals whether it is the
model-based or model-free training method, the system con-
verges, although the ultimate error for the systemwith an 80 g
payload is greater than that for the system with a 0 g pay-
load. As demonstrated in the Table 3, although both methods
execute 40 epochs, the time consumed varies.

The response under the G-PID controller
in simulation for 1-DoF joint

After completing simulation training, the learned model is
used to validate the systems with payloads of 0 and 80 g.
At this stage, only the model trained using the model-based

123



6240 Complex & Intelligent Systems (2024) 10:6231–6248

Fig. 7 Simulation results 0 g vs
80 g (1-DoF joint)

Table 4 System response under the G-PID (vs. PID) controller in sim-
ulation

Payload (g) 0 80 Reference

Overshoot (°) 2.35 (16.856) 0 (0) 0

Settling time (ms) 390 (780) 960 (1050) 390

Delay time (ms) 210 (190) 210 (260) 210

Rising time (ms) 270 (160) 730 (780) 300

trainingmethod are employed. Figure 7 and Table 4 illustrate
the results.

In Fig. 7A, ‘reference response’ refers to user-preselected
reference response, ‘m_0_PID’ means the response of the
system with a 0 g payload using only-PID controller,
‘m_0_G-PID’ represents the response of the systemwith a 0 g
payload using the G-PID controller. The definition of Fig. 7C
is the same as (A). The results demonstrate that employing
a trained GAN model as a compensator allows generator to
create compensation action which can align the response of
an unknown system with the reference response. When the
payload of an unknown system is relatively light that ted to
overshoot, the generator generates a negative action to limit
the system’s speed, hence preventing overshoot (Fig. 7B).
Conversely, for heavier, slower systems, generator generates

a positive action that accelerates the system (Fig. 7D). The
results in Table 4 show that after compensation by the gener-
ator, all the system performance metrics align more closely
with the reference response.

To delve into the relationship between the genera-
tor’s input and output, the responses “m_0_G-PID” and
“m_80_G-PID” were separated into three phases: from the
start to the delay time (group 1), from the delay time to the
rising time (group 2), and the period after the settling time
(group 3). In addition, a comprehensive group 4 includes all
data from the initial state to the end of the control process. It
should be noted thatGroup1 includes all delay timedata from
both the “m_0_G-PID” and “m_80_G-PID” responses, and
similarly for the subsequent groups. Linear regression was
employed to model the data within each group, described by
Eq. (16), where c1, c2, c3, c4, and c5 are coefficients pertain-
ing to position, speed, error, PIDaction, and error differential.
The bias is denoted by c6. Table 5 illustrates the regression
results and the associated MSE upon convergence. In addi-
tion, the Spearman correlation coefficient and p-value were
calculated between each generator input and output and are
presented in Table 6.

(16)

genertor � c1 posi tion + c2speed + c3error

+ c4 pidaction + c5
�e

�t
+ c6.
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Table 5 Fitting results
Group 1 Group 2 Group 3 Group 4

c1 (position) 0.1162 − 2.5226 − 1.0839 − 1.9939

c2 (speed) − 0.5825 − 0.6896 − 0.8816 − 0.53135

c3 (error) 1.1691 1.2960 4.8136 − 0.03259

c4 (PID action) 0.6497 2.1065 0.8089 1.6383

c5 (error differential) − 1.2831 − 3.7981 − 1.2112 − 4.2096

c6 (bias) 0.7902 1.9438 1.2548 − 2.7509

MSE 0.065 6.0619 0.3543 37.9057

Bold highlights coefficient in each group

Table 6 Spearman rank
correlation (p-value) Group 1 Group 2 Group 3

Position 0.12 (0.60) − 0.03 (0.79) − 0.91 (8.55e−21)

Speed − 0.88 (2.58e−7) − 0.55 (6.22e−5) − 0.08 (0.56)

Error 0.12 (0.60) 0.03 (0.79) 0.91 (8.55e−21)

PID action 0.24 (0.29) 0.52 (2.31e−4) 0.84 (5.02e−5)

Error differential 0.50 (0.02) 0.51 (0.01) 0.08 (0.57)

Position + speed − 0.80 (2.59e−21) − 0.62 (1.11e−5) − 0.45 (1e−3)

Bold highlights coefficient in each group

Table 5 shows that, with the exception of c2*speed, all
coefficients in group1 are positive. It is important to notice
that the error’s differential is negative, hence c5* �e/�t is
also positive. In group 2, the coefficient for position also
becomes negative, indicating that both position and speed
influence the generator’s output sign at this stage. Mean-
while, in group 3, other coefficients decrease or remain
unchanged, the error coefficient c3 becomes the largest, high-
lighting its significant contribution to this phase. Segmenting
the responses into three groups results in considerably lower
MSEs for each group compared to group 4, making it easy to
assess the relationship between generator’s input and output.
Further tests were conducted with payloads of 10 and 60 g,
as well as 20 and 50 g, yielding the same conclusions.

As shown in Table 6, the speed and output of the generator
in group 1 have a strongest correlation, with an extremely
lowp-value underscoring the reliability of the data. Similarly,
group 3 demonstrates the strongest correlation between error
and generator output. Given that the error is calculated as
“desired position – position” and the desired position remains
constant, position’s correlation coefficient is identical to that
of error from the standpoint of the correlation coefficient.

Concerning the group 2 data, it can be noticed that the cor-
relation between each feature and the output of the generator
are relativelyweak,with the strongest correlation is only 0.55
with speed. However, the linear regression analysis indicates
that the output is reliant on both position and speed. Con-
sequently, a series of further experiments were conducted to
explore the relationship between “position + speed” and the

generator’s output, revealing that the combined correlation
of “position + speed” with generator output exceeds that of
any single parameter, accompanied by a significantly low
p-value.

In addition, the systems with payloads of 28 and 32 g
were also controlled by the G-PID controller; the response
and output are shown in Fig. 8. The response results indicate
that when the difference between the unknown system and
reference system is minimal, the G-PID controller does not
play an effective compensatory effect. Specifically, for a 28 g
payload, the generator should output a negative value, while
for 32 g, it should return a positive value. However, for the
32 g case, the generator G outputs a negative value, indicat-
ing that the G-PID controller is incapable to make accurate
compensation when the unknown system closely aligns with
the reference system in Fig. 8D. Because the generator’s out-
put value is relatively small at this time, it exerts negligible
influence on the system, with the PID controller primarily
controlling the system. In addition, as represented in Fig. 7B,
D and Fig. 8B, D, given that the initial state remains consis-
tent, the input and output of the generator are also similar.
This phenomenon is knownas a cold start,which indicates the
generator becomes active only when the system’s is unique.

The response under the G-PID controller
in simulation for 2-DoF shoulder prosthesis

Figures 9 and 10 depict the response of the 2-DoF prosthesis
under payloads of 20, 60, 0, and 100 g. Here, 20 and 60 g are
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Fig. 8 Simulation results 28 g vs
32 g (1-DoF joint)

Fig. 9 Simulation results 20 g vs
60 g (2-DoF upper limb
prosthesis)
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Fig. 10 Simulation results 0 g vs
100 g (2-DoF upper limb
prosthesis)

payloads within the learning data range, whereas 0 and 100 g
are payloads fall outside of the learning data range. All the
results indicate that the G-PID controller has a compensatory
effect on the control performance of the 2-DoF prosthesis.

For a 20 g payload results in Fig. 9A, the initial stage of
joint 2 is observed to be faster, whereas in the final stage of
joint 1 has a steady-state error due to the relatively small
integral term and the lengthy time required to erase the
steady-state error. The G-PID controller is capable of decel-
erate the joint 2 and eliminate steady-state error in Fig. 9B.
With a 60 g payload, the system’s response is inherently close
to the reference response, thus the G-PID controller provides
a relatively low compensation value.

In the case of PID-only at 0 g payload in Fig. 10A, joint
2 has an extremely high overshoot, whereas joint 1 presents
a steady-state error. The G-PID controller can also provide
suitable compensation; however, although the overshoot of
joint 2 is reduced, its response remains faster than the ref-
erence response. The overshoot of the joint 2’response is
attributed to the fact that the initial output of the PID con-
troller is predetermined based on its preset gains. This results
in substantial state changes in a system without payload,
causing an overshoot. Although the generator of the G-PID
controller compensates the PID controller, its initial step
output is fixed, rendering it incapable of compensating the
system at this early stage. The steady-state error of joint 1 has

also been removed, while the rising process still exhibits a
delayed response.With a 100 g payload, theG-PID controller
enhances the system’s responsiveness for both joints. Over-
all, these four instances encompass scenarios where both
joints are slower than the reference response (60, 100 g),
or one joint is faster while the other is slower compared
to the reference response (0, 20 g) in PID-only case, with
the G-PID controller accurately determining the direction of
compensation value.

The 20 g group was used to further investigate G-PID’s
compensatory impact on the 2-DoF prosthesis. The 20 g
system went through online training for 0.45 s with the
result is shown in Fig. 11A. Compared to the results without
online learning in Fig. 9B, the system with online learning
aligns more closely with the reference response. Further-
more, regarding the decoupling ability of theGandD,Fig. 9A
indicates that in the PID-only scenario, the response of joint
2 is faster than the reference response. To align the PID-only
response closer to the reference response, a non-decoupling
strategywas employed,which involved reducing the PIDout-
put for joint 2 by 3 kPa at each step. According to the results
in Fig. 11B, although the speed of joint 2 decreases as pre-
dicted, the response of joint 1 likewise accelerates (at around
0.25 s). In addition, the overshoot occurs in the latter stage
of joint 2 due to the increased error integral in the early stage
as the speed diminishes. The G-PID controller reduces the
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Fig. 11 Online learning and
comparison for 20 g (2-DoF
upper limb prosthesis)

speed of joint 2without significantly affecting the behavior of
joint 1, further illustrating the G-PID controller’s capability
for decoupling.

Prototype experiment results for 1-DoF joint

The prototype responses with the G-PID and PID controller
are shown in Fig. 12 and Table 7 (refer to ‘Supplementary
Information 2, 3’ for the video). The results demonstrate that
when the varying payloads yield different response under
the same PID controller gains, although the desired angle is
ultimately tracked. This highlights the PID controller’s lack
of adaptability, as no single set of gains is effective across
a wide range of payloads. With the G-PID controller, the
overshoot of the system’s response is eliminated, and the
settling time is lowered from the maximum difference of
506.16 ms to 188.78 ms. Similarly, the delay time and rising
time are reduced from maximum differences of 317.04 ms
to 84.42 ms and 590.07 to 82.95 ms, respectively.

Additional experiment under the G-PID controller

A comprehensive set of additional simulation and proto-
type experiments were undertaken to validate the G-PID
controller’s performance across a variety scenario including
changes in initial conditions, target angle adjustments, exter-
nal disturbances, and type of unknown parameters changing.
For detailed experimental procedures, please refer to Sup-
plementary Material 1.

Discussion

The adaptability of the controller is critical for control sys-
tem, especially for an antagonistic structure driven by PAMs.
The presence of unknown parameters with variable values
within the control system significantly impacts the effective-
ness of control.

To address such challenge, we present a GAN-based PID
adaptive controller. The principle of the G-PID controller
is that when a reference response is chosen, the generator
can create a compensation action that aligns the unknown
system’s response closer to the reference response, thus
enhancing the overall control adaptable. In this paper, to sim-
plify the presentation of the experimental data and model, a
conventional GAN network was utilized, both the generator
and discriminator are simple MLPs.

Moreover, model-based and model-free training method
were proposed, respectively. Figure 6 demonstrates that
both methods ultimately converge with the convergence
rate appearing almost identical. Since the model-free train-
ing incorporates the F-network, which requires pre-training
prior to each training session for G, this increases the
training duration to about 10 times that of the model-
based training method. Furthermore, since the model-free
training framework being G→F-Network→D, the system
is more susceptible to overfitting and gradient vanishing.
The convergence of the G-PID controller heavily relies on
the convergence of the F-network. Conversely, the struc-
ture of the model-based training framework is G→forward
model→D. This framework contains the physical informa-
tion of the forward model, yielding more stable training and
time efficiency. However, obtaining physical information is
not always feasible, making the model-free training method
more viable and suitable for non-experts and newcomers to
the G-PID controller. Therefore, the choice between model-
based and model-free training methods should be based on
practical considerations, and we recommend model-based
training when possible. The architecture of the F-Network
should be based on practical considerations. In this paper, we
only discuss systems with up to 2-DoF, for which a MLP can
approximate the complexity of the robotic forward model.
However, for unknown systems with higher DoF or in high-
dimensional scenarios, considering a Convolutional Neural
Network (CNN) or amore temporally aware architecture like
Long Short-Term Memory (LSTM) networks could be ben-
eficial.
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Fig. 12 Prototype results

Table 7 System response under the G-PID (vs. PID) controller in prototype

Payload (g) 0 18 80 122

Overshoot (°) 0 (6.69) 0 (8.81) 0 (0) 0 (0)

Settling time (ms) 1044.96 (1863.41) 1233.74 (1633.34) 1116.76 (1357.25) 1220.92 (1464.85)

Delay time (ms) 387.80 (163.74) 430.69 (288.86) 346.27 (480.78) 390.12 (478.65)

Rising time (ms) 835.5 (772.28) 792.56 (350.62) 758.42 (517.61) 841.37 (940.69)

Figures 7 and 12 and Tables 4 and 7 illustrate the system’s
response under the control of the trained G-PID controller
compared with the conventional PID controller in both sim-
ulation and prototype experiments. The results demonstrate
that the G-PID controller’s superior adaptability to the PID
controller. Specifically, Fig. 7 illustrates that system with
a 0 g payload and using only PID controller, the response
exhibits significant overshoot and vibration. The implemen-
tation of theG-PID controller address these issues: the output
of the generator turns negative, effectively reducing the over-
all output and stabilizing the system. For a system with 80 g
payload, the response is rather sluggish and due to the sys-
tem’s rotational movement, the torque applied to the rotation
center is angle dependent, lacking gravity compensation and
resulting in a non-smooth transition process. Figures 7C and
12 illustrate how the application of the G-PID controller
enhances the response characteristics, particularly by sig-
nificantly smoothing out numerous non-smooth transition
process. This enhancement is most notable when the system
is subjected to a large payload and is transitioning between
60 to 90% of its steady state.

In simulation, the system’s response properties, such as
settling time and rising time does not change significantly,
as shown in Table 4. However, prototype experiments show
improvements in these aspects. It is possible that insufficient
training contributes to the existence of such a circumstance.
Moreover, as shown in Fig. 12A, due to a relatively high
differential parameter in the PID controller, vibrations per-
sist in prototype experiments. Conventionally, reducing such
vibrations would require compromising control speed in PID

control theory, but theG-PID controller demonstrates an abil-
ity to reduce vibrations without affecting speed.

In addition, Fig. 7B, D indicate that the generator’s output
action is nonlinear. In general, determining how to com-
pensate a system to modify its response to another specific
response is challenging. While certain compensators, such
as the lead compensator, can change the response of a sys-
tem by ensuring that its root locus passes through a specified
root, this approach is infeasible for complex systems. This
implies that using compensation action as a label for training
the compensator through supervised learning is not feasible.
However, theG-PID controller can achieve the same function
without the need for labels.

In Tables 5 and 6, the relationship between the input and
output of the generator is analyzed to demonstrate how the
G-PID controller can compensate the system only based on
the system state, without considering the payload. Since all
elements in delay time group (group 1) except c2*speed are
positive, the generator’s output symbol is determined by the
speed. During the delay time phase, the system speed often
varies significantly. With lighter payload, the system’s speed
increases, requiring the generator to generate a negative value
to decelerate the system, and the opposite occurs for heavier
loads. This behavior aligns with the real physical dynam-
ics. In group 2, the position coefficient also turns negative.
In cases where the system with lighter payload, the posi-
tion throughout this process tends to be higher, prompting
the generator to produce a negative value. In group 3, while
other values either decrease or remain unchanged through
the settling time, the error coefficient c3 grows substantial,
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indicating that the error plays a significant role in achiev-
ing steady state. A negative error indicates that the actual
angle exceeds target, leads the generator output a negative
value. Conversely, a position value indicates that the actual
angle falls short of the target, prompts a positive output
from the generator. These findings all corroborate that the
G-PID controller is a state-based controller, and the out-
put of the generator is related to the system state. In other
words, the parameters that influence the training effective-
ness of the G-PID controller must directly affect the system’s
response (nomatter reference response or unknown response
in training dataset). For example, in the reference system, the
control gains of the PID controller directly impact the refer-
ence response; similarly, the varying payloads in the training
dataset affect the fake response, which in turn influences the
training results. On the other hand, the parameters that cannot
directly influence the system’s response, such as the types of
unknown parameters in the training dataset (assuming two
different parameters can yield the similar response), cannot
affect the training effectiveness.

The simulation results for a 2-DoF shoulder prosthesis
indicate the effectiveness of theG-PID controller to deal with
multi-DoF robotic systems. Figures 9 and 10 demonstrate
that the G-PID controller still determines the compensatory
directions for various responses. However, the results in
Fig. 9A indicate that the system responds well under PID-
only control, even though joint 2’s speed exceeds that of the
reference response, it does not result in overshoot. Theoret-
ically, this represents a superior response. However, upon
implementing the G-PID controller, although the response
becomes “worse”, this phenomenon aligns with the G-PID
controller concept. Therefore, the G-PID controller does not
aim for the optimal response; rather it seeks an acceptable
response that can be adjusted across a larger adaptation range.
This highlights the significance of selecting the appropriate
reference response, an aspect that warrants further investiga-
tion in future studies.

Figure 11A demonstrates that after compensation pattern
are learned, further online learning can improve the accu-
racy of the compensation value. However, continuous online
learning may lead to the problem of learning time and poten-
tial wear on the machinery. Moreover, based on the existing
results, it is known that the G-PID controller can compen-
sate the system to an acceptable level of performance even
without online learning. Consequently, it’s recommended to
minimize the extent of online learning as much as possible.
Additionally, a comparison between Fig. 11A and B reveals
that the G-PID controller incorporates a certain decoupling
ability. This means that G-PID’s compensation for one joint
takes into account the potential effects on the other, ensuring
a balance across the system.

As illustrated in Figs. 7, 8, 9, 10, 11 and 12, all results
are presented in terms of position. This approach is adopted

because the reference system used in this study is based on
a position controller. However, since the aim of the G-PID
controller is to align the response of the unknown system
with that of the reference system, all metrics of the reference
response (position, velocity, and acceleration) are desired
targets. Therefore, even if the reference response becomes
complex, the objective for the G-PID controller remains
unchanged.

Consolidating all the results, two primary disadvantages
of the G-PID controller have been pinpointed. The first issue
is the “cold start”, which is evident in Fig. 7B, D, where
the G-PID controller cannot align the system’s response to
the reference response in the initial steps. If the two different
system’s starting state is same, then the compensation actions
from Gmust also be uniform. Consequently, in the first step,
the generator produces identical outputs for the systems with
0 g and 80 g payloads. However, following the first step, the
generator begins to generate different compensation actions
as the state of the system changes.

The second limitation is that the ineffectiveness of gen-
erator’s compensation for systems closely resembling the
reference system. This limitation is depicted in Fig. 8A, C,
showing that when the unknown system closely resembles
the reference system, the G-PID controller struggles to deter-
mine the appropriate compensation, potentially resulting in
erroneous outputs. However, in such instances, the compen-
sation value of generator tends to be minimal and only PID
control may still obtain a satisfactory control performance.
This presents a certain requirement for selecting the unknown
systems for the training set: if the selected unknown systems
in training dataset are inherently similar to the reference sys-
tem, generator’s training could end up being ineffective.

Conclusion and future work

In this paper, we introduce a GAN-based PID adaptive
controller designed for a pneumatic artificial muscle-driven
antagonistic structure. This controller stands out for its
model-free and state-based nature, predictable control per-
formance, and enhanced robustness. Through simulation and
prototype experiments, we have not only validated its supe-
rior control adaptability on prostheses with either 1-DoF or
2-DoF but have also provided a physical analysis of gener-
ator’s learning process. Furthermore, the additional experi-
ments confirmed its generalizability, maintaining effective-
ness across a range of scenarios, including variations in initial
conditions, target angles, external disturbances, and the type
of unknown parameters. These attributes make it particularly
suitable for prosthetic control applications, hence facilitating
their daily usage. Additionally, we are aware of the chal-
lenges faced by the G-PID controller, including the difficulty
of distinguishing between two similar systems and the cold
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start. These are problems that need to be addressed in future
research.
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